The impact of organic farming on greenhouse gas emissions is a much debated issue, which has been predominantly investigated by case studies. This paper seeks to provide empirical evidence at an aggregate level, considering a sample of OECD countries, in the period 1990-2010, and applying both parametric and non-parametric approaches. According to the results obtained, organic agriculture seems negatively associated to per capita emissions. However, it does not appear robustly associated with improvements in environmental efficiency in the agricultural sector. These findings, conditioned to some extent by the availability of unbalanced panel data, suggest the need for further research to assess the role that organic agriculture could play in mitigating climate change.
Introduction
The global warming phenomenon is increasingly affecting the ecological balance of our planet. Human activities are thought to be mainly responsible for this phenomenon, as they have led to increasing concentrations of greenhouse gases (GHG) in the atmosphere. Since adoption of the Kyoto Protocol, in 1997, the United Nations Framework Convention on Climate Change (UNFCCC) has been working to limit greenhouse gas emissions globally, though it has failed to achieve meaningful progresses in terms of effective policies stabilizing greenhouse gas concentrations in the atmosphere. Hopefully, the historic climate change deal between USA and China reached in November 2014 will encourage all major economies to reduce their emissions over the next two decades.
A noteworthy contribution to this process could come from the agricultural sector and, in particular, from organic agriculture, a production system aimed at protecting human health and delivering environmental improvements to landscapes, habitats, biodiversity, air and water quality. Yet, the potential benefits of organic agriculture are controversial. On one hand, some studies suggest that certain "regenerative" agriculture practices -generally associated to organic production -represent a means of both abating and sequestering carbon dioxide (Rodale Institute, 2014) . Besides, organic farming could reduce nitrous oxide emissions, as it bans mineral fertilizers and it could limit methane from enteric fermentation by integrating longer-living livestock into farming (Scialabba & Lindenlauf, 2010) . On the other hand, according to evidence concerning particular crops, organic agriculture may imply higher emissions, because of the incorporation of legumes into the soil (Scialabba & Lindenlauf, 2010) , and mechanical measures required to control weeds and spread manure (Wood et al., 2006) . This study seeks to contribute to this debate by analysing the influence of organic farming on per capita GHG emissions and environmental efficiency in the agricultural sector, the latter being defined as the ability to increase agricultural production, while reducing (or not varying) inputs and abating total GHG emissions simultaneously. 
Organic Agriculture and GHG Emissions
In the sample of OECD countries considered here greenhouse gas emissions from agriculture represent, on average, 14% of total GHG emissions. When considering the three main gases separately, nitrous oxide emissions from the agricultural sector account for approximately 71% of total N2O emissions, while methane and carbon dioxide emissions from agriculture account for about 51% and 2% of total emissions, respectively.
The largest source of GHG emissions in agriculture is represented by livestock, which produce methane as part of their digestion (enteric fermentation). Further, nitrous oxide is released from the soil depending on the application of synthetic fertilizers and on certain methods of irrigation and tillage. Management of manure from livestock and burning crop residues also add to CH4 and N2O emissions. Finally, CO 2 emissions originate from the use of electricity and fossil fuels powering tractors and other agricultural machinery.
Since the organic agriculture movement advocates the protection and enhancement of the overall ecosystem, organic farmers are expected to implement practices intended to minimize air, water and soil pollution. However, according to the literature the impact of organic agriculture on direct greenhouse gas emissions is difficult to predict. The following review, which is not meant to be comprehensive, provides mixed evidence from empirical studies based on farm level data. Using a sample of organic and conventional Australian farms, Wood et al. (2006) find that the on-site (direct) energy use, and GHG are higher for organic farms. The authors ascribe such findings to a lower employment intensity and a possible higher use of fuels due to mechanical weed extirpation and manure distribution. On the other hand, Dalgaard et al. (2001) , investigating energy use in Danish agriculture, find higher energy efficiency -computed as the ratio between yield and energy use -in organic systems. Furthermore, according to Flessa et al. (2002) , organic farming is associated with lower emissions per hectare, even though there is no reduction in yield-related emissions. Moreover, higher quality soils-generally linked to organic productionshould require a reduced amount of fossil energy input per unit of food produced than the soils exploited by conventional systems (Refsgaard et al., 1998) . Besides, as mentioned above, organic producers are expected to manage resources and energy more efficiently, being more sensitive to environmental problems, especially those caused by agricultural pollution.
As concerns the nitrous oxide emissions, soils used in conventional production are bound to emit higher amounts of N2O, due to the employment of mineral fertilizers and herbicides, which release N2O in the atmosphere (Unwin et al., 1995; Stolze et al. 2000) . What is more, conventional agriculture can be linked to higher emissions due to practices entailing lower soil aeration. On the other hand, higher N2O emissions may be a consequence of higher tillage intensity, and the incorporation of manure and plant residues -typical practices of organic farming. However, the influence of soil conditions in this case is not yet clear (Reganold et al., 1993; Rochette et al., 2008; Scialabba & Lindenlauf, 2010) . Finally, concerning methane, organic farming livestock is predominantly ruminant and fed by roughage, entailing higher CH4 emissions. Further, since roughage is a low energy feedstuff, the growth rate of livestock is also slower, resulting in higher consumption per unit (Stolze et al., 2000) . That said, the low density and longevity of livestock characterizing organic management are desirable features that may help address the problems connected with ruminant livestock that are not allowed to graze in modern farming, and abate CH4 emissions (Lampkin, 1997; Scialabba & Lindenlauf, 2010) .
Data
Data are drawn from the World Development Indicators (WDI 2014) and the OECD Agri-Environmental Indicators ijef.ccsenet.org International Journal of Economics and Finance Vol. 8, No. 11; 2016 (2013 . Table 1 describes the variables employed in the econometric and the data envelopment analysis and presents their summary statistics. Note. (a) tons per capita; (b) tons of CO2 equivalent per capita; (c) all variables entering the DEA are normalized with respect to their sample mean; (d)perceptions of the quality of public services, the quality of the civil service and the degree of its independence from political pressures, the quality of policy formulation and implementation, and the credibility of the government's commitment to such policies.
Comparing the three gases emissions (N2O and CH4 being expressed in CO2 equivalents), methane and nitrous oxide seem contributing much more to the agriculture emissions than does carbon dioxide. Besides, Figure A1 , in the Appendix, shows the evolution of (the mean values of) per capita CO2, N2O and CH4 emissions in the sample over time. Consistently with the OECD (2013) report, the indication is that per capita GHG emissions, on the average, have been slightly declining in the countries considered.
Due to the lack of comparable aggregate data on net emissions from the agriculture sector, all emissions considered in this work are gross direct emissions from agriculture, within a national territory, excluding sinks and indirect effects. Hence, the present analysis does not account for the sequestration potential of organically managed soils, nor for other indirect beneficial influences, such as the exclusion of synthetic fertilizers and pesticides, precluding the emissions associated with the chemical synthesis and transportation of these inputs.
Finally, the presence of stochastic trends in the data is investigated by performing Fisher-type tests (ADF and Phillips-Perron tests) and the Im-Pesaran-Shin (2003) panel unit-root test on all variables entering the Environmental Kuznets Curve (EKC). All these tests are corrected to mitigate cross-sectional dependence (Levin et al., 2002) , and computed both with and without a trend. Looking at the results -reported by Table A1 in the Appendix -the null hypothesis that all panels contain unit roots is always rejected only in the organic share (org) variable case. In the other instances, the results are mixed. In addition, none of the variables is integrated of order 2, as a further test on the first-differenced variables always turned out to be insignificant. These findings will be taken ijef.ccsenet.org
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Organic Agricultural and Per Capita GHG Emissions

The Econometric Model
In this section, the Environmental Kuznets Curve framework is adopted to investigate the relationship between organic agriculture and per capita GHG emissions. In its simplest form, the EKC hypothesis suggests the existence of a bell-shaped relationship between emissions and per capita income: higher levels of wealth are expected to increase pollution at lower levels of income, whilst an increase of per capita income should determine a reduction in emissions beyond a certain threshold. In other words, deterioration of environmental quality is regarded as a temporary phenomenon associated with the early stages of economic development, bound to decline in subsequent phases. According to Panayotou (1993) , the driving forces of this inversion are structural changes towards less polluting industries, technological progress limiting energy use and waste, and higher environmental awareness, that leads policy makers to adopt stricter environmental regulations (Note 2). Whilst pioneering works pay particular attention to the estimated turning point beyond which emissions should decrease (Panayotou, 1993 , Grossman & Krueger, 1995 Galeotti et al., 2006) , a large number of recent studies adopts the EKC to assess the impact of specific potential determinants of pollution, such as the nuclear energy production as well as cultural, institutional and political economy factors (Torras & Boyce, 1998; Barrett & Graddy, 2000; Welsch, 2004; Mazzanti et al., 2008; Leitão, 2010; Iwata et al., 2010; 2011) .
In the light of the literature so far depicted, the empirical equation adopted in this study -representing a long-term relationship -is the following:
where the dependent variable is per capita emissions (alternatively CO2, N2O or CH4). On the right hand side, org is the share of agricultural land area under certified organic farm management, whilst gdp is per capita income, and open is a measure of trade openness. The inclusion of the latter regressor is meant to account for the widely shared notion that trade is an important explanatory factor of pollution (Suri & Chapman, 1998; Dinda, 2004 ) (Note 3). All variables are in logarithmic form. Finally, is a white noise error term. In the next section, as a robustness check, the benchmark equation (1) will be extended with other potential determinants of pollution, which have been suggested by the literature (e.g. Torras & Boyce, 1998; Iwata et al., 2010) : a measure of education, energy consumption, and urbanization (Note 4).
Methodology
The estimation of equation (1) may be plagued by several econometric problems, which have been addressed by the most recent EKC literature. First, concerns of endogeneity may arise if environmental quality can influence income levels, especially in developing countries where land degradation may impact on agricultural production (Holtz-Eakin & Selden, 1995; Cole et al., 1997; Cole, 2003) . Further, when the estimation samples is composed by different countries, the issue of heteroscedasticity has to be addressed . Besides, in the context of panel data, it is necessary to control for unobserved country characteristics (such as climatic and geographical factors), that may affect the environmental quality in each country. To this aim, static panel data estimators have been widely employed (e.g. Grossman & Krueger, 1995 , Orubu & Omotor, 2011 . Moreover, dynamics adjustment has been accounted for either by allowing for correlation in the regression residuals or by adopting dynamic panel estimators (Kearsley & Riddel, 2010; Lee et al., 2010; Leitão & Shahbaz, 2013) . Last not least, when considering time-series or panel data with a long time dimension, GDP as well as other variables included in the regression model, may exhibit stochastic trends. If such non-stationary variables do not cointegrate in the long run, then the estimated relationships are spurious (Perman & Stern, 2003; Stern, 2004; Wagner, 2014) .
Evidently, the econometric issues above depicted are dependent on the type of data at hand. In the present work, an unbalanced macroeconomic panel is considered, made of 30 OECD countries (listed in Figure 1 ) observed for 21 years , at most. Since the diagnostic statistics for integration (presented in the Data section) do not provide definite evidence on the non-stationarity of the variables employed, my empirical strategy is adopting the bulk of methods suggested by the EKC literature, providing results that are not conditional on a specific methodological choice. Thus, besides OLS and static panel estimations (either FE or RE, according to a Hausman test), to gauge dynamics effects, I adopt the Prais-Winsten method (obtaining panel-corrected standard errors accounting both for heteroskedasticity and correlation across and within panels) and the Blundell and Bond (1998) model, known as GMM-SYS estimator. The latter one not only allows to control for specific individual effects (as the FE and RE estimators do), but also to account for dynamic adjustment -including a lagged dependent variable in the regressors set -and to relax the strict exogeneity assumption, which ensures the consistency of both RE and ijef.ccsenet.org International Journal of Economics and Finance Vol. 8, No. 11; 2016 FE models. The GMM-SYS estimator consists of two steps: the data are first differenced in order to eliminate the unobserved fixed effects, and then valid instrumental variables are employed in order to cope with the endogeneity problem posed by the dynamic adjustment term and (possibly) by some regressors. Blundell and Bond (1998) GMM procedure exploits both the entire set of internal instruments (lagged values of the regressors) for the model in first differences, under the assumption of white noise errors, and extra orthogonality conditions, using the lagged differences of the regressors as instruments for the equation in levels. In the present study the number of time periods is comparable to that of countries, thus the GMM estimator may suffer from a problems of instrument proliferation. To improve the small samples properties of the GMM estimator, I follow two main strategies, limiting the instruments to the minimum fixed number (1) or collapsing the instrument matrix (Breitung, 2015) (Note 5).
Finally, to tackle issues of non-stationarity, and to relax the homogeneity assumption on the slope coefficients, I adopt the Pooled Mean Group (PMG) estimator for dynamic heterogeneous panels (Pesaran et al., 1999; Martínez-Zarzoso & Bengochea-Morancho, 2004; Iwata et al., 2011) . The PMG estimator allows short-run coefficients (and speed of adjustment) to differ across countries, imposing homogeneity only on long-run coefficients. What is more, it represents a means for determining the long term relationship among variables with different order of integration, I(0) or I(1), which seems the case of the present work, as the panel unit root tests results indicate (Note 6). To illustrate the PMG model, taking the maximum lag equal to one (Note 7) and assuming that the long run EKC relationship is represented by equation (1) it is possible to specify the following ARDL (1, 1, 1, 1, 1) model: 
Following Pesaran et al. (1999), a re-parameterisation of this model yields the error correction representation:
where 0 = 1− ; = 0 + 1 1− for s=1…4; and = −(1 − ).
Model (3) may be estimated adopting three main panel approaches, which allow for different degrees of parameter heterogeneity. Whilst (static or dynamic) fixed-effects estimators restrict all slope parameters to be identical across countries, allowing for country specific intercepts, the Mean Group estimator (Pesaran & Smith, 1995) imposes no cross-country coefficients constraints and is estimated on a country-by-country basis, the final parameters being simple averages of the individual country coefficients. Finally, the PMG estimator is an intermediate approach which allows short-term parameters and the adjustment speed to vary across countries, and impose cross-country homogeneity only on the long-run coefficients. Since the present study is focused on OECD countries, characterized by similar economic and institutional structures, and accessing similar technologies, it seems appropriate assuming common long-run coefficients, while allowing the speed of adjustment (to the steady state) to vary across countries. Further, on a statistical ground, a Hausman test tends to confirm the long-run homogeneity restriction underlying the PMG estimator (see Table 3 ). Note. For the description of the variables see Table 1 . All variables are in logarithmic form. In Italics are reported the p-values of the tests. Superscripts ***, ** and * denote statistical significance at the 1, 5 and 10 percent level, respectively. Constant always included but not reported. AR1 and AR2 stand for Arellano-Bond test for AR(1) in first differences and Arellano-Bond test for AR(2) in first differences, respectively. For the Hansen test, the null hypothesis is the validity of the over-identifying restrictions.
Results
Looking first at Table 2 , the EKC bell-shaped relationship between per capita income and GHG tends to be confirmed across most of the estimations performed. Indeed, except the CH4 case in the Prais-Winston regression, the GDP and its squared term parameters tend to be positive and negative, respectively, being mostly statistically significant. Furthermore, the openness measure coefficient tends to be positive when significant. Focusing on the variable of interest, the share of land converted to organic agriculture seems exerting a negative impact on per capita emissions. Indeed, except for the FE/RE case, its estimated coefficient tends to be negative and statistically significant. Besides, it is worth noting that its magnitude seems decreasing when passing from the OLS to the GMM estimates, thus the impact of organic farming is downsized when accounting for country specific effects, dynamic adjustment and endogeneity (Note 8).
Considering Table 3 , the negative sign of the key variable is confirmed in the long-run relationship, across all greenhouse gases considered (Note 9). Moreover, the estimated impact based on the PMG model is higher than in the GMM instances. In other words, the long-run influence of organic agriculture on GHG emissions seem greater. Yet, the Hausman test (reported in the last row of Table 3 ) is significant in the methane case, hence I don't emphasize the relative results, as the homogeneity assumption is rejected. Table 1 . All variables are in logarithmic form. In Italics are reported the p-values of the tests. Superscripts ***, ** and * denote statistical significance at the 1, 5 and 10 percent level, respectively. Constant always included but not reported. In columns 4-6, GDP is per capita GDP from the agricultural sector, and open is the sum of exports and imports of agricultural raw materials (as a share of GDP).
To verify the robustness of the findings so far described, I run a battery of regressions, modifying the baseline specification. First, I add to the model a control for the financial crisis (i.e. a dummy variable coded one for the years post 2007, and zero otherwise). As it never turns out to be significant, while the main result remains substantially confirmed, these estimates are omitted and available on request. Besides, since the GHG emissions here considered derives from the agricultural sector, I replace per capita GDP with per capita GDP from the agricultural sector, and the openness indicator with the sum of exports and imports of agricultural raw materials (as a share of GDP). Since findings tend to be unaltered, for the sake of conciseness, Table 3 (columns 4-6) reports only the estimations obtained employing the PMG estimator, which are consistent with those so far presented, the only noticeable difference being a positive short-run coefficient of org in the N2O case.
Finally, I add to the baseline model, three extra explanatory variables: national energy consumption, urban population and measure of secondary education (all of them scaled by population and considered in logarithm form). As Table A2 (in the Appendix) shows, results concerning the key variable are confirmed. However, adding the above mentioned regressors yield severe convergence problems for the PMG estimator, which could not be avoided even changing the optimization technique. From this point of view, the analysis would have certainly benefited from the availability of longer time spans. Therefore, further analysis is needed to confirm the existence of a causal relationship.
Organic Farming and Environmental Efficiency
As aforementioned, when estimating an EKC one disregards the fact that agricultural emissions are outcomes of a production process. From this standpoint, the key question is whether modification of the production process from conventional to organic farming may lead to improvements in environmental efficiency. To this end, I shall first measure the environmental efficiency of agricultural production at country level with Data Envelopment Analysis ijef.ccsenet.org International Journal of Economics and Finance Vol. 8, No. 11; 2016 (DEA) and then examine whether it is influenced by organic farming (Note 10).
Computing Environmental Efficiency
The DEA methodology -introduced by Charnes et al. (1978) and extensively employed to obtain non-parametric measures of firms, sectors or countries efficiency -is here adopted to retrieve alternative measures of agricultural production efficiency, which are based on distance functions from a benchmark production frontier (Note 11).
The basic idea underlying such distances is that, at any point in time, we can draw a piece-wise production frontier, locus of technically efficient input-output combinations, given the existing technology. Hence, the distance between this frontier and a certain combination not belonging to the frontier can be regarded as a measure of technical inefficiency. More formally, an intput distance function gauges the largest proportional contraction of the inputs, given an output vector, and may be defined as follows:
where L(q) is the set of all inputs, x, which can produce the output vector, q. A simple approach to take into account pollution in this framework is to include polluting emissions in x, as additional inputs of the production process (Riccardi et al., 2012) . The Farrell (1957) input oriented measure of technical efficiency is reciprocal to the aforementioned input distance function, and can be retrieved solving the following linear program:
Where is the rth good output produced by the jth country; is the ith input used by the jth country, and λ j is an intensity factor associated to each country. When considering emissions as inputs, the optimal value ϕ* may be regarded as an environmental efficiency score for the ith country, ranging between 0 and 1, with a value of 1 corresponding to a point on the frontier. In this framework, outputs are assumed as strongly disposable: the disposal of any output does not imply any cost in terms of other outputs reduction.
Alternative measures of environmental efficiency may be based on the directional output distance function, which is a generalization of the radial distance function above described, since efficiency may be measured in any direction from a given point of the production possibility set, allowing both inputs and outputs to simultaneously change (Chung et al., 1997; Fӓre et al., 2003; Riccardi et al., 2012 ) (Note 12).
Thanks to this flexibility, the directional output distance function may account for both desirable and undesirable outputs, generated by a production process. In this case, the output set is modified to ensure the following properties: (i) null-jointness, meaning that the only way to produce zero bad output is to produce zero good output; (ii) weak disposability of undesirable output, imposing that a reduction in bad output must imply a proportional contraction in good output; (iii) strong disposability of desirable output.
Different specifications of the direction vector allow to obtain different measures of efficiency. In this work, when treating GHG emissions as bad outputs, efficiency is initially defined as the ability to increase desirable outputs (q g ) while reducing inputs (x) and undesirable outputs (q b ) simultaneously. Hence, the directional output distance function is:
Where = ( , − , − ) is the direction vector, indicating expansion of the good output in the direction and contraction of polluting emissions and inputs in and directions, respectively. Alternatively, efficiency is regarded as the ability to increase good outputs, while reducing bad outputs without varying inputs, i.e. the direction vector is defined as = ( , − , 0). Finally, to account for the fact that organic farming should be associated to a lower employ of pesticides, efficiency is also defined as the ability to increase good outputs while reducing both bad outputs and the pesticides input, without varying the other inputs.
To give a simple illustration, one can consider the case of a single desirable output and a single undesirable output, drawing an output set P(x) as in Figure 1 . The value of θ measures the distance between the combination ( , ) and a point on the production frontier, ( + , − ), namely the maximum feasible expansion of good output and reduction of bad output given the production technology P(x) and the direction vector d. Hence, when ijef.ccsenet.org International Journal of Economics and Finance Vol. 8, No. 11; 2016 adopting a directional output distance function, efficiency is attained when = 0.
Figure 2. Directional distance function
To compute the aforementioned measures of environmental efficiency for the agricultural sector of each sample country, I consider agricultural GDP as the desirable output; CO2, N2O and CH4 emissions as undesirable outputs; land, labor, capital and pesticides employed by the agricultural sector as inputs (see Table 2 for a more detailed description). To avoid the influence of different measurement units, all these variables have been normalized with respect to their means. Finally, all measures have been computed under the variable returns to scale hypothesis. Table 4 reports the average efficiency measures for each country over the sample years, EE_i being the measure of efficiency obtained by treating GHG as inputs, while EE_o_1, EE_o_2 and EE_o_3 denoting the measures obtained considering emissions as undesirable outputs. In column 1 efficiency is attained when EE_i is equal to one, while in the other columns when EE_o_1, EE_o_2 or EE_o_3 are zero. Hence, Germany, France and Slovenia are classified as fully efficient in view of the measures based on directional distance functions, while Estonia, Netherland and Norway appear as fully efficient across all the measures of environmental efficiency considered. Note. For the description of the variables see Table 1 . In column 1 efficiency is attained when EE_i=1, in columns 2-4 when EE_o=0.
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A Model of Environmental Efficiency Determinants
The second step of the analysis aims at assessing the influence of organic farming on environmental efficiency, controlling for other factors that may determine the efficiency levels of the agricultural sector in each country. The literature investigating the determinants of environmental efficiency suggests the relevance of three main drivers, such as the enforcement of environmental regulations, environmental awareness, and economic development (Watanabe & Tanaka, 2007; Wu, 2010) . In my specification, these drivers are accounted for by a measure of government effectiveness, drawn from the World Bank WGI database, a measure of education and income per capita (see Table 2 for further details). Given the panel structure of the data, it is also possible to control for unobservable time-invariant factors, which are country specific and might condition the social and economic attitude towards environmental issues (for instance cultural, institutional or natural conditions). To this aim, fixed or random panel estimators are employed, on the base of Hausman tests results. Besides, to account for the censored nature of the efficiency measures a Tobit random effects model is adopted. Finally, to mitigate the potential endogeneity of the share of organic agriculture, the relative variable is lagged one year.
Columns 1 and 5 of Table 5 show the results obtained using as dependent variable EE_i (measure of efficiency obtained by treating GHG as inputs) while columns 2-4 and 6-8 those based on EE_o_1, EE_o_2 and EE_o_3 (obtained considering emissions as undesirable outputs). Note. For the description of the variables see Table 1 . In Italics are reported the p-values of the tests. Superscripts ***, ** and * denote statistical significance at the 1, 5 and 10 percent level, respectively. Constant and time effects always included but not reported.
Across Table 5 columns, the org parameter sign is consistently positive when higher levels of the dependent variable signal higher efficiency (columns 1 and 5) and negative when lower levels of the dependent variable correspond to higher efficiency (all other columns). However, the parameter of interest is significant only in two instances: when estimating a Random Effects model with dependent variable EE_i, and when adopting a Tobit model for the EE_o_1 dependent variable. The same pattern holds true when adopting the Tobit estimator to perform several robustness checks, which are summarized in what follows, omitted to save on space and accessible on request. First, results are confirmed when changing the model specification, for instance adding the square of the GDP regressor, or changing the measure of education (secondary education pupils on population) or adding a measure of openness (exports plus imports as a share of GDP), to account for the potential influence of international trade on environmental efficiency (Taskim & Zaim, 2001 ), or including a measure of control of corruption (WGI database), to gauge the hypothesis that bribery or other inducement practices to carry out businesses may affect productive and environmental efficiency (as well as the propensity to convert to organic management).
Furthermore, results are substantially unaltered when changing the type of frontier adopted. The environmental measures so far presented are based on a sequential frontier, i.e. on the assumption that the production possibility set can expand each year and no technological regress can occur. Therefore, the sequential frontier assumes as ijef.ccsenet.org
International Journal of Economics and Finance Vol. 8, No. 11; 2016 benchmark for each observation in a given year all other observations in the same year and the observations in the previous years. However, when using panel data, it is possible to define other two kinds of frontiers (Riccardi et al., 2012) : intertemporal and contemporaneous. While to build the first one all observations are pooled together, the second one compares only observations of the same year. Table 5 results are confirmed when computing intertemporal frontiers (Note 13).
Conclusions
Climate change has inevitably drawn attention to the problem of greenhouse gas emissions in the atmosphere, and led to a call for appropriate policies to obviate or at least mitigate the consequences.
One important issue in the policy debate is the role that should be played by the agriculture sector in reducing the emissions blamed for rising global temperatures. Indeed, agriculture can contribute to both mitigation and sequestration of greenhouse gases. The scientific literature, however, is by no means of one mind on the extent to which this contribution is dependent on particular farming practices. In particular, the role that organic farming could play in reducing greenhouse gases is open to debate, the empirical evidence on this theme being scarce and based on samples of microeconomic data.
The purpose of this paper is to investigate the relationship between organic farming and greenhouse gas emissions by taking a macro perspective, and carrying out a two-fold analysis. First, the EKC approach is adopted to explore the influence of organic farming on per capita direct emissions. Secondly, total GHG emissions from the agricultural sector are considered as outputs of the agricultural production process and the impact of organic agriculture is evaluated on DEA measures of environmental efficiency.
According to the results obtained, whilst the share of agricultural land converted to organic farm management tends to be negatively associated with per capita emissions from agriculture, the relationship between the said share and certain measures of environmental efficiency is mostly not significant. It is important, nevertheless, to emphasize that further empirical research is called for to corroborate the present findings, as the analysis would have certainly benefited from the availability of longer time spans.
Bearing in mind this caveat, the empirical evidence here presented seems supporting the position according to that organic production practices could represent a tool to mitigate the climate change problem. However, organic farming appears weakly associated to gains in the environmental efficiency of the agricultural sector (the capacity to increase production, minimizing emissions), reinforcing the belief that this type of agriculture could be not sustainable where agriculture faces the huge challenge of feeding a growing population. Indeed, the debate on the crop yield gap between organic and conventional agriculture is still open (De Ponti et al., 2012) . From a sceptical view, organic farming cannot produce the yields needed by the growing world population (Connor, 2008) . On the other hand, some studies show that organic agriculture can increase productivity in developing countries (Badgley et al., 2007) , and could provide cultivations more adaptable to arid soils and climate "turmoil", while at the same time reducing GHG emissions (FAO, 2002) .
Finally, according to the Rodale Institute (2014) regenerative agriculture practices could represent the solution to the climate change problem, as soil carbon sinks could sequester all of our current global CO2 emissions. Ideally, future research should take into account the sequestration potential of organically managed soils as well as other related indirect benefits, deriving from the ban of fertilizers and pesticides and the withholding of certification for products grown on recently cleared or altered primary ecosystems, imposed by IFOAM standards.
Appendix A Figure A1 . GHG emissions over time (mean values) 
